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inversions. Here we present a ML upscaling framework ~  '--------cmmmmoo- R e
(WetCH,) to characterize the spatial and temporal variability
of wetland methane fluxes. With WetCH,, we produced daily

10-km methane fluxes across the Arctic and boreal wetlands , , , ,
for 2016-2022. Figure 2. Workflow and experimental design: abstract methodological steps are

integrated 1n the left dash box; detailed framework development is described on the
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Figure 5. Mean annual wetland CH, fluxes: the top row contains WetCH, upscaled fluxes
| . | | between 2016 and 2022 and weighted by wetland fractions for three wetland maps including
right with colors matching the associated step on the left. Wetland Area and Dynamics for CH, Modeling (WAD2M), Satellite-derived global surface

. . ' IEMS?2), and the static Global Lakes and Wetlands Database
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